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Abstract: We proposed in previous articles a qualitative approach to check the compati-
bility between a model of interactions and gene expression data. The purpose of the present
work is to validate this me thodology on a real-size setting. We study the response of Es-
cherichia coli regulatory network to nutritional stress, and compare it to publicly available
DNA microarray experiments. We show how the incompatibilities we found reveal missing
interactions in the network, as well as observations in contradiction with available literature.
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Ve´rification de la Cohe´rence entre Donne´es
d’expression et Re´seaux de Re´gulation a` Grande
Echelle: Un cas d’e´tude
Re´sume´ : On a propose´ dans les articles pre´ce´dents une approche qualitative pour tester
la compatibilite´ entre un mode`le d’interactions et des donne´s d’expressions. L’objectif du
pre´sent travail est de valider cette me´thodologie avec un proble`me de taille re´elle. On a
e´tudie´ la re´ponse du re´seau de re´gulation de la bactrie Escherichia coli au stress nutritionnel,
et on l’a compare´ avec des donne´es de puces a` ADN disponibles. On montre comment
les incompatibilite´s trouve´es indiquent des interactions manquantes, ainsi que des donne´es
observe´es contradictoires avec la litte´rature disponible.
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1 Introduction
There exists a wide range of techniques for the analysis of gene expression data. Follow-
ing a review by Slonim [13], we may classify them according to the particular output they
compute: 1. list of significantly over/under-expressed genes under a particular condition,
2. dimension reduction of expression profiles for visualization, 3. clustering of co-expressed
genes, 4. classification algorithms for protein function, tissue categorization, disease out-
come, 5. inferred regulatory networks.
The last category may be extended to all model-based approaches, where experimental
measurements are used to build, verify or refine a model of the system under study.
Following this line of research, we showed in previous papers (see [9], [12] and [14]) how
to define and to check consistency between experimental measurements and a graphical
regulatory model formalized as an interaction graph. The purpose of the present work is
to validate this methodology on a real-size setting. More precisely, we show 1. that the
algorithms we proposed in [14] are able to handle models with thousands of genes and
reactions, 2. that our methodology is an effective strategy to extract biologically relevant
information from gene expression data.
For this we built an interaction graph for the regulatory network of E. coli K12, mainly
relying on the highly accurate database RegulonDB [10], [11]. Then we compared the
predictions of our model with three independant microarray experiments. Incompatibilities
between experimental data and our model revealed:
  either expression data that is not consistent with results showed in literature – i.e.
there is at least one publication which contradicts the experimental measurement,
  either missing interactions in the model
We are not the first to address this issue. Actually, in the work of Gutierrez-Rios and co-
workers [6], an evaluation of the consistency between literature and microarray experiments
of E. coli K12 was presented. The authors designed on-purpose microarray experiments in
order to measure gene expression profiles of the bacteria under different conditions. They
evaluate the consistency of their experimental results first with those reported in the liter-
ature, second with a rule-based formalism they propose. Our main contribution is the use
of algorithmic tools that allow inference/prediction of gene expression of a big percentage




We choose as an illustration a model for the lactose metabolism in the bacterium E.Coli
(lactose operon). The interaction graph corresponding to the model is presented in Fig.1.
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or inhibition. Basically, an arrow between A and B means that an increase of A tends to
increase or decrease B depending on the shape of the arrow head. Common sense and simple
biological intuition can be used to say that an increase of allolactose (node A on Figure 1)
should result in a decrease of LacI protein. However, if both LacI and cAMP − CRP
increase, then nothing can be said about the variation of LacY .
The aim of this section is first, to provide a formal interpretation for the graphical
notation used in Figure 1; second, to derive constraints on experimental measurements,
which justify our small scale common sense reasoning; finally apply these constraints to the
scale of data produced by high throughput experimental techniques. For this, we resort to
qualitative modeling ([8]), which may be seen as a principled way to derive a discrete system
from a continuous one.
2.2 Equilibrium shift of a differential system
Let us consider a network of n interacting cellular constituents (mRNA, protein, metabolite).
We denote by Xi the concentration of the i
th species, and by X the vector of concentrations
(whose components are Xi). We assume that the system can be adequately described by a
system of differential equations of the form dX
dt
= F(X,P), where P denotes a set of control
parameters (inputs to the system). A steady state of the system is a solution of the system
of equations F(X,P) = 0 for fixed P.
A typical experiment consists in applying a perturbation (change P) to the system in a
given initial steady state condition eq1, wait long enough for a new steady state eq2, and
record the changes of Xi. Thus, we shall interpret the sign of DNA chips differential data
as the sign of the variations Xeq2i −Xeq1i .
The particular form of vector function F is unknown in general, but this will not be
needed as we are interested only in the signs of the variations. Indeed, the only information
we need about F is the sign of its partial derivatives ∂Fi
∂Xj
. We call interaction graph the
graph whose nodes are the constituents {1, . . . , n}, and where there is an edge j → i iff
∂Fi
∂Xj
6= 0 (an arrow j → i means that the rate of production of i depends on Xj). As soon
as F is non linear, ∂Fi
∂Xj
may depend on the actual state X. In the following, we will assume
that the sign of ∂Fi
∂Xj
is constant, that is, that the interaction graph is independent of the
state. This rather strong hypothesis, can be replaced by a milder one specified in [9, 12]
meaning essentially that the sign of the interactions do not change on a path of intermediate
states connecting the initial and the final steady states.
2.3 Qualitative constraints
In the following, we introduce an equation that relates the sign of variation of a species to
that of its predecessors in the interaction graph. To state this result with full rigor, we need
to introduce the following algebra on signs.
We call sign algebra the set {+,   , ?} (where ? stands for indeterminate), endowed with
addition, multiplication and qualitative equality, defined as:
INRIA
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+ +   = ? + + + = +   +   =   +×   =   +×+ = +   ×   = +
? +   = ? ? + + = ? ? + ? = ? ? ×   = ? ?×+ = ? ?× ? = ?
≈ +   ?
+ T F T
  F T T
? T T T
Some particularities of this algebra deserve to be mentioned:
  the sum of + and   is indeterminate, as is the sum of anything with indeterminate,
  qualitative equality is reflexive, symmetric but not transitive, because ? is qualitatively
equal to anything; this last property is an obstacle against the application of classical
elimination methods for solving linear systems.
To summarize, we consider experiments that can be modelled as an equilibrium shift of
a differential system under a change of its control parameters. In this setting, DNA chips
provide the sign of variation in concentration of many (but not necessarily all) species in the
network. We consider the signs s(Xeq2i −Xeq1i ) of the variation of some species i between
the initial state Xeq1 and the final state Xeq2. Both states are stationary and unknown.
In [9], we proved that under some reasonable assumptions, in particular if the sign of
∂Fi
∂Xj
is constant in states along a path connecting eq1 and eq2, then the following relation
holds in sign algebra for all species i:






)s(Xeq2j −Xeq1j ) (1)
where s : R → {+,   } is the sign function, and where pred(i) stands for the set of prede-
cessors of species i in the interaction graph. This relation is similar to a linearization of the
system F(X,P) = 0. Note however, that as we only consider signs and not quantities, this
relation is valid even for large perturbations (see [9] for a complete proof).
2.4 Analyzing a network: a simple example
Let us now describe a practical use of these results. Given an interaction graph, say for
instance the graph illustrated in Figure 1, we use Equation 1 at each node of the graph
to build a qualitative system of constraints. The variables of this model are the signs of
variation for each species. The qualitative system associated to our lactose operon model is
proposed in the right side of Figure 1. In order to take into account observations, measured
variables should be replaced by their sign values. A solution of the qualitative system
is defined as a valuation of its variables, which does not contain any ”?” (otherwise, the
constraints would have a trivial solution with all variables set to ”?”) and that, according
to the qualitative equality algebra, will satisfy all qualitative constraints in the system. If
the model is correct and if data is accurate, then the qualitative system must posses at least
one solution.
A first step then is to check the self-consistency of the graph, that is to find if the
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

LacI ≈ −A (1)
A ≈ LacZ (2)
LacZ ≈ cAMP − LacI (3)
Li ≈ Le + LacY − LacZ (4)
G ≈ Li + LacZ (5)
cAMP ≈ −G (6)
LacY ≈ cAMP − LacI (7)
Figure 1: Interaction graph for the lactose operon and its associated qualitative system. In the
graph, arrows ending with ”>” or ”−|” imply that the initial product activates or represses the
production of the product of arrival, respectively.
between experimental measurements and an interaction graph boils down to instantiating
the variables which are measured with their experimental value, and see if the resulting
system still has a solution. If this is the case, then it is possible to determine if the model
predicts some variations. Namely, it happens that a given variable has the same value in
all solutions of the system. We call such variable a hard component. The values of the hard
components are the predictions of the model.
Whenever the system has no solution, a simple strategy to diagnose the problem is to
isolate a minimal set of inconsistent equations. In our experiments, a greedy approach was
enough to solve all inconsistencies (see next section). Note that in our setting isolating a
subset of the equations is equivalent to isolating a subgraph of the interaction graph. The
combination of the diagnosis algorithm and a visualization tool is particularly useful for
model refinement.
Finally, let us mention that we provided in [14] an efficient representation of qualitative
systems, leading to effective algorithms, some of them could be used to get further insights
into the model under study. We shall see in the next section, that these algorithms are able
to deal with large scale networks.
3 Results
3.1 Construction of the Escherichia coli regulatory network
For building E.coli regulatory network we relied on the transcriptional regulation informa-
tion provided by RegulonDB ([10], [11]) on March 2006. From the file containing transcrip-
tion factor to gene interactions we have built the regulatory network of E.coli as a set of
interactions of the form A→ B sign where sign denotes the value of the interaction: +,   ,
?(expressed, repressed, undetermined), and A and B can be considered as genes or proteins,
depending on the following situations:
INRIA
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  The interaction genA→ genB was created when both genA and genB are notified by
RegulonDB, and when the protein A, synthesized by genA, is among the transcrip-
tional factors that regulate genB. See Figure 2 A.
  The interaction TF → genB was created when we found TF as an heterodimer protein
(protein-complex formed by the union of 2 proteins) that regulates genB. See Figure
2 B. In E.coli transcriptional network we have found 4 protein-complexes which are:
IHF, HU, RcsB, and GatR.
  The interaction genA→ TF was created when we found the transcriptional factor TF









Figure 2: Representation of genetical interactions. (A) Negative regulation (repression) of gene
fiu by the transcription factor Fur represented as fur → fiu −. (B) Biological interaction of genes
ihfA and ihfB forming the protein-complex IHF represented as ihfA → IHF + and ihfB → IHF
+, positive regulation of gene aceA by the protein complex IHF represented by IHF → aceA +
3.2 Adding sigma factors to obtain self-consistency
Using the methods and the algorithms described with detail in [14] we built a qualitative
system of equations for the interaction graph obtained from E.coli network. For solving
qualitative equations we have used our own tool, the PYTHON module PYQUALI. The
system was not found to be self-consistent and we used a procedure available in PYQUALI
library to isolate a minimal inconsistent subgraph (see Figure 3). A careful reading of the
available literature led us to consider the regulations involving sigma factors which were
initially absent from the network. Once added to complete the network, we obtained a
network of 3883 interactions and 1529 components (genes, protein-complexes, and sigma-
factors). This final network (global network) was found to be self-consistent.
3.3 Compatibility of a network with a set of observations
A compatible network can be tested with different sets of observations of varied stresses:
thermal, nutritional, hypoxic, etc. An observation is a pair of values of the form gene = sign
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ihfA ≈ −IHF + rpoS + rpoD (2)
ihfB ≈ −IHF + rpoS + rpoD (3)
IHF ≈ ihfA + ihfB (1)
Figure 3: (Left) A minimal inconsistent subgraph, isolated from the whole E.coli regulatory net-
work using PYQUALI. (Right) Correction proposed after careful reading of available literature on
ihfA and ihfB regulation.
Table 1: Table of the 40 variations of products observed under stationary growth phase condition.














































under certain condition. To test the global network of E. coli, we have chosen a set of 40
observations for the stationary phase condition provided by RegulonDB (Table 1).
The set of 40 observations of the stationary phase was found to be inconsistent with the global
network of E. coli. We found a direct inconsistency in the system of equations caused by the
values fixed by the observations given to ihfA and ihfB: {ihfA =   , ihfB =   }, implying
repression of these genes under stationary phase. This mathematical incompatibility agreed
with the literature related to genes ihfA and ihfB expression under stationary growing
phase. Studies [1],[2],[4],[15] agree that transcription of ihfA and ihfB increases during
stationary phase. Supported by this information, we have modified the observations of
ihfA and ihfB and the compatibility test of the global network of E.coli was successful.
3.4 Predictions over a compatible network from a set of observa-
tions
As mentioned earlier, a regulatory network is said to be consistent with a given set of
observations when the associated qualitative system has at least one solution. If a variable
is fixed to the same value in all solutions, then mathematically we are talking about a hard
component, which is a prediction or inference for this set of observations.
We have mentioned that the regulatory network including sigma factors is consistent with the
set of 40 observations for stationary phase, after some correction. Actually there are about
2, 66 · 1016 solutions of the qualitative system which are consistent with the 40 observations
of stationary phase. Furthermore, in all these solutions, 381 variables of the system have
always the same value (they are hard components, see Figure 4). In other words, we were
INRIA











agaA agaV agaW agaZaraC
araA araB araD araE araF araGaraH araJ aceAaceB aceEaceFaceK
acnBaldA b0725








ptsGrhaT sdhA sdhB sdhC sdhDsucA sucB sucC sucD
treB treCargG




bglB bglF bglG caiF
cdd



















fecA fecB fecC fecD fecE
fepA fiu
fixA fixB fixC fixX
flhCflhD







































malK malM malP malQ malS
malT
malX malY manX manY manZmelA melB
melR
mglA mglB mglC





































ugpA ugpB ugpC ugpE ugpQ uhpT









yiaK yiaL yiaM yiaNyiaOyjcG yjcHhns adhE ndhnuoA nuoB nuoC nuoE nuoF nuoG nuoH nuoI nuoJ nuoK nuoL nuoM nuoNnrdA nrdB
cysG nirB nirC nirD
nrfA nrfB nrfC nrfD nrfE nrfF nrfG
alaT
alaU alaV




glyT glyU gyrB hisR ileT
ileU ileV
ksgAleuP leuQ leuT leuV leuW leuX lysT lysV lysWmarA
marB
marR






























moaA moaB moaC moaDmoaE
frdA frdB frdC frdD ccmA ccmB ccmC ccmD ccmE ccmF ccmG ccmHdmsA dmsB dmsCfdhFfdnG fdnH fdnI
gatAgatB gatC gatD gatY gatZ
hcp hcrhypB hypC hypD hypE
kbl
metB metL
napA napB napC napD napF napG napHnarG narH narI narJ narK
narV narW narXnarY narZ
nikA nikB nikC nikD nikE
nikRnorV norW
nrdD nrdG
oppA oppB oppC oppD oppFpgmA
pyrD
rimM rplB rplC rplDrplE rplF rplM rplN rplO rplPrplR rplS rplT rplV rplWrplX rpmCrpmD rpmJ rpsCrpsE rpsH rpsI rpsJrpsN rpsP rpsQrpsS secY speD speE talA
tdh
trmD





rcsAchiA fimA fimC fimD fimEfimF fimG fimH fimI
micF






ihfBglcA glcB glcD glcE glcF glcGcarA carB
ompC
hycA hycB hycC hycD hycE hycF hycG hycH hycI hypA
sufA sufB sufC sufD sufE sufS
amiA dppB dppC dppD dppFdps ecpDglnH glnPhemF htrE ibpB
ilvA ilvD ilvE ilvG_1 ilvG_2 ilvL ilvM
















agaB agaC agaD agaI agaS agaY
slp
alsR







argB argC argD argE argF argH argI astA astBastC astD astE
asnC
asnA




















fliL fliM fliN fliO fliP fliQ fliR
edaedd fruA fruB fruK pckA pfkA ppsA pykF
entF entS exbB exbD
fecR
fepB fepC fepD fepE fepG fes fhuA fhuB fhuC fhuD fhuF
metH
metJ nohA purRsraI tonB yhhYyodA gltBgltD gltF
gnd purA
galRgcvA








leuA leuB leuC leuD leuL
lexA
dinF dinG dnaG ftsK polB recA recN recX rpsU ssb sulA umuC umuD uvrA uvrB uvrD
ilvH ilvI livF livG livH livJ livK livM lysU
lysR
lysA
fpr inaAnfnB nfo pqiA pqiBputA zwf ahpC ahpF
metA







glmS glmUagn43 katG trxC
paaX
phoB
asr b4103 phnC phnD phnE phnF phnG phnH phnI phnJ phnK phnL phnM phnN phnO phnP phoA phoE phoH phoR psiF mgtAtreR pspF
cvpA glnB hflD prsA purB purC purD purE purF purH purK purL purM purN pyrC speA speB ubiX
ftsA ftsZwcaA wcaB wza wzb wzc
ftsQsoxR
soxS
fldB nfsA ribA rimK ybjC ybjN
trpR
aroH aroL aroMtrpA trpB trpC trpD trpE trpL yaiA
tyrR
aroF aroG aroP tyrA tyrB
xapR
xapA xapB
zntA znuBznuCaccA accB accC accD ampC amyA rpe aroK aroB gph damX dam trpS arsC arsR arsB asnT asnU asnV atpG atpH atpD atpC atpE atpA atpF atpI atpB bcp bglX btuB cbpAcedA cfachpS chpB clpA cls cmk rpsA corA creD creC creA creB csrB cutA
nlpB
dapA dcuD dut slmA efp fimB
hflB rrmJ
fxsA gloA gltX glyV glyX glyY cysT glyW leuZ gmr hemN hepA fdx hscA hscB ileX
imp
infC kdsA kdtA leuU lysC lysP
mdoG mdoH
menA menB menC menE metW metV metZ mfd ddlB ftsI mraY murD murE murG ftsL mraZ mraW murC murF ftsW narUyebC ruvC nudB paaY pcnB folK pgi pheP pntA pntB
ppiD
pth ychF relA
rfaC rfaL rfaF hldD













nac argT ddpA ddpB ddpC ddpD ddpF ddpX hisJ hisM hisP hisQ ycdG ycdH ycdI ycdJ ycdK ycdL ycdM yeaG yeaH yhdW yhdX yhdY yhdZ
zraR
zraS
gltI gltJ gltL gltK kch yaiS ybhK puuP yfhK zraP
rpoE
bacA dsbC ecfI fabZhtrA lpxA lpxDpsd skpsmpA
cutC ecfA ecfD yggN ecfG ecfH ecfJ ecfK ecfL fkpA tufA fusA surA lpxP rseC rseArseB sbmA sixA apaH apaG yaeL ybaB yeaY yfeY yiiS
rpoH
lon


















acrD baeS mdtAmdtB mdtC mdtD
birA
ycgR yhjH
fhuE mntHnrdE nrdF nrdH nrdI ygaC
asnB ybaS






























































Figure 4: Global E.coli regulatory network with transcriptional and sigma-factors interactions
(3883 interactions and 1529 products). Blue and red interactions represent activation or, respec-
tively, repression. Green and blue nodes correspond to positive and negative observations (40). Red
nodes (381) are the total inferred variations of products under stationary growth phase condition.
able to predict the variation: expressed (+) or repressed (   ) of 381 components of our
network (25% of the products of the network). We provide a subset of these predictions in
Table 2.



















































10 Guziolowski & al.
3.5 Validation of the predicted genes
In order to verify whether the 381 predictions obtained from stationary phase data were
valid, we have compared them with three sets of microarray data related to the expression
of genes of E.Coli during stationary phase. The result obtained is showed in Table 3. The
number of compared genes corresponds to the common genes, the validated genes are those
genes which variation in the prediction is the same as in the microarray data set.
Table 3: Validation of the prediction with microarray data sets
Source of microarray data Compared genes Validated genes (%)
Gutierrez-Rios and co-workers [6], stationary phase 249 34%
Gene Expression Omnibus ([3],[5]), stationary phase after 20 minutes 292 51.71%
Gene Expression Omnibus ([3],[5]), stationary phase after 60 minutes 281 51.2%
From the sets of microarray data provided by GEO (Gene Expression Omnibus) for
stationary phase measured after 20 and 60 minutes, we have taken into account gene expres-
sions whose absolute value is above a specific threshold and compared only these expression
data with the 381 predictions. The percentage of validation obtained for different values of
thresholds is illustrated in Figure 5. This percentage increases with the threshold, which is
normal because stronger variations are more reliable.
Figure 5: (Left) Percentage of validation of the 381 predicted variations of genes with microarray
data sets from GEO (Gene Expression Omnibus) for stationary phase after 20 and 60 minutes.
For both experiments we validate the 381 predictions with different sets of microarray observations
considering only those genes which absolute value of expression is above certain value (threshold).
(Right) Number of genes considered for the validation for the different used thresholds of both
microarray data sets.
INRIA
Consistency Between Expression Data and Large Scale Regulatory Networks 11
The percentage of our predictions that does not agree with the microarray results is due
to:
  Erroneous microarray indications for certain genes. The genes xthA, cfa, cpxA, cpxR,
gor are predicted as expressed by our model and as repressed by the microarray data
[6]. Nevertheless, there is strong evidence that they are expressed during the stationary
phase (see [7, 16]).
  Incompleteness of our network model. Our model predicts that the gene ilvC is ex-
pressed, which contradicts microarray data. More careful studies [17] document the
decrease of the protein IlvC due to an interaction with clpP which is absent in our
model. Indeed, under the introduction of a negative interaction between these species,
ilvC is no longer a hard component, which lifts the conflict with data.
4 Conclusions
Given an interaction graph of a thousand products, such as E.coli regulatory network, we
were able to test its self-consistency and its consistency with respect to observations. We
have used mathematical methods first exposed in [9, 12, 14].
We have found that the E.coli transcriptional regulatory network, obtained from Reg-
ulonDB site [10],[11] is not self consistent, but can be made self-consistent by adding to it
sigma-factors which are transcription initiation factors. The self-consistent network (includ-
ing sigma-factors) is not consistent with data provided by RegulonDB for the stationary
growth phase of E.coli. Sources of inconsistency were mistaken observations.
Finally, a step of inference/prediction was achieved being able to infer 381 new variations
of products (25% of the total products of the network) from E.coli global network (tran-
scriptional plus sigma-factors interactions). This inference was validated with microarray
results, obtaining in the best case that 40% of the inferred variations were consistent (37%
were not consistent and 23% of them could not be associated to a microarray measure).
We have used our approach to spot several imprecisions in the microarray data and missing
interactions in our model.
This approach can be used in order to increase the consistency between network models
and data, which is important for model refinement. Also, it may serve to increase the
reliability of the data sets. We plan to use this approach to test different experimental
conditions over E.coli network in order to complete its interaction network model. It should
be also interesting to test it with different (signed and oriented) regulatory networks. All the
tools provided to arrive to these results were packaged in a Python library called PYQUALI
which will be soon publicly available. All scripts and data used in this article are available
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